This paper examines patient preferences and choice behavior in scheduling medical appointments. By conducting discrete choice experiments on two distinct populations, we identify heterogeneous patient preferences in several "operational" attributes (e.g., delay to care, flexibility in time and doctor choice) and individual-difference factors that can explain such heterogeneity. Our study in particular characterizes how patients' perceived utility changes as delay to care increases. For short-term waiting (in-clinic waiting), we find that longer wait is increasingly aversive, suggesting that a convex waiting cost function is reasonable in this setting. For long-term delays (time to appointment), however, we discover an interesting gender effect. While males' waiting cost seems convex, females become less sensitive to further delays in receiving care after waiting reaches a certain level. In addition to providing important evidences on consumer strategic behavior in the healthcare market, our study offers rich managerial insights to improve care delivery via operational strategies.
Introduction
While we know reasonably well how customers choose products from retailers, we have relatively little understanding of how patients choose care in the healthcare market, a service sector that spends almost 18% of the GDP in the US every year (WHO 2011) . By understanding how consumers make choices, firms can use a range of operational levers (e.g., pricing and assortment planning) to optimize their business operations. Patient preferences and choice behavior, however, have been largely overlooked in healthcare management. With increasing transparency in healthcare quality and pricing information (Commonwealth Fund 2008) , growing popularity of online healthcare service systems that give patients an Amazon-like platform to "shop" for care (e.g., ZocDoc.com, iTriage.com), and strong government incentives to promote patient-centered care (Klein, Laugesen et al. 2013) , knowledge of patient preferences and choice behavior in care seeking becomes crucial for managing and improving care delivery.
In this article, we focus on the primary care setting and study patient preferences and choice behavior in outpatient appointment scheduling. When patients schedule medical appointments, a variety of factors go into their decision and patients frequently make tradeoffs on a variety of attributes depending on their preferences. Previous health services research literature has identified various attributes of primary care (appointments) important to patients, and many of these attributes are related to physician competency and bedside manner (Wensing, Jung et al. 1998) . One set of attributes that are particularly important to healthcare management but have thus far received limited attention in the literature are what we call the "operational" attributes. Examples of operational attributes include when and from whom to receive care and the (waiting) experience of service on the day of appointment. These attributes can be directly or indirectly influenced by operational management (OM) strategies used in a practice, such as overbooking.
As many of these strategies can only improve a subset of the operational attributes valued by patients but might compromise other attributes, understanding patient preferences and how they make tradeoffs among these attributes is crucial. Otherwise, it is unclear if an intended operational improvement effort can deliver desirable outcomes.
The following example illustrates the aforementioned point. Open Access is a widely-used scheduling method, which aims to provide most, if not all, patients with same-day appointments (Murray and Tantau 2000) . Via a "just-in-time" approach, Open Access is intended to minimize delays to care, maximize patient attendance and optimize efficiency. It has been successfully implemented in many settings, largely because shorter delays to care are generally favored by patients. A recent study, however, found that a 10% increase in the proportion of same-day appointments was associated with an 8% reduction in the proportion of patients satisfied (Sampson, Pickin et al. 2008 ). This outcome is clearly undesired; but this somewhat surprising and unanticipated result can be attributed to the decreased flexibility in booking appointments in advance and increased wait times on the day of appointment that come with restricting access to same-day appointments (Sampson, Pickin et al. 2008) . In this case, the benefit of shortening delay is countered by the associated negative impact on other attributes of appointments valued by patients.
Our study is among the first to investigate patient preferences and choice behavior in operational attributes of an outpatient appointment. Market-based sales data are often used to obtain information about consumer preferences, but limited data are available for such analysis in healthcare (Viney, Lancsar, and Louviere 2002) . We therefore rely on behavioral experiments to elicit patient preferences. In particular, we design and conduct discrete choice experiments Lerman 1985, Ben-Akiva and Boccara 1995) , in which participants are offered appointment choices with different combinations of attribute levels and asked to choose the one they prefer. We conducted our experiments on two different populations: one on real patients in a community health center located in New York City and the other on online subjects using the Amazon MTurk platform. In contrast to samples from college/university students used in traditional behavioral research, participants in our experiments are more likely to match general populations faced by primary care providers. Thus, our results are likely to be more generalizable than those from student-based behavioral research (Buhrmester, Kwang, and Gosling 2011) .
We establish three main categories of results with our experiments. First, patients have strong preferences in the following operational attributes when scheduling appointments: (1) appointment delay (i.e., time to get an appointment), (2) flexibility of appointment times, (3) doctor to be seen, (4) in-clinic waiting and (5) out-of-pocket payments. Patients make tradeoffs among these attributes in their choices, and we find that three of the tradeoffs patients make are quite intriguing. The first one is the doctor-delay tradeoff which is a classic quality-speed tradeoff often considered in the OM literature (Anand, Pac, and Veeraraghavan 2011) . The second one is between appointment delay and in-clinic waiting, in which patients trade-off two types of waiting: long-term waiting for appointments to come vs. short-term waiting from the time a patient arrives at their health care provider to when they see their doctor on the day of their appointment. There is a growing literature on the design of service systems in which customer waiting occurs in two different time scales (Luo, Kulkarni, and Ziya 2014 , Zacharias and Armony 2014 , Dai and Shi 2014 , and our work contributes to this emerging literature by providing important empirical support. Third, patients are willing to trade changes of operational attribute levels for a relatively small amount of money, suggesting that pricing (e.g., via a discount or surcharge of copayments) could be a new and useful lever to manage appointment scheduling systems.
The second main result from our work is that patients exhibit heterogeneous preferences and choice behavior. At the aggregate level, we find that the online population puts more weight on in-clinic waiting and flexibility in time choice of day when making appointment scheduling decisions than patients in the community health center (CHC). At the individual level, we identify several factors that may explain such heterogeneity. For instance, the frequency of visits to clinic increases patient expectations for service quality. Females and males perceive different amounts of utility loss when delay to care increases. Patient heterogeneity in their preference suggests that health care providers, like other types of service providers, may use capacity "rationing" to improve their service (Shen and Su 2007) .
Our third group of results is probably the most interesting, and it is related to how patient-perceived utility changes when delay/wait time to care increases. For short-term waiting (in-clinic waiting), our studies on both populations uniformly suggest that patients become increasingly more irritated by longer waits, suggesting that an increasing convex waiting cost function is reasonable in this setting. For longterm waiting (appointment delay), however, we identify that while males' waiting cost function seems convex, females' waiting disutility is not and appears to be stair-shaped with a "plateau" at the medium level of delay. One the one hand, these results support the common assumption made in the OM literature that waiting cost is convex. On the other hand, our results reveal evidence that customer utility loss due to waiting may not be convex in certain contexts, thus informing a "new" type of waiting cost function for theoretical work. In particular for females, they may become less sensitive to further delays in receiving care after waiting reaches a certain level.
The remainder of this paper is organized as follows. In Section 2, we review the related literature.
We develop our hypotheses in Section 3. In Section 4, we introduce our experiment design and implementation. We show our econometric specifications in Section 5, and discuss issues related to data validity and analysis in Section 6. In Section 7, we present our empirical results on patient preferences and choice behavior. We discuss the managerial implications of our results and highlight areas for future research in Section 8.
Literature Review
There has been a growing interest in improving appointment scheduling practices in primary care (Cayirli and Veral 2003; Denton and Gupta 2003) . This body of literature is largely concerned with the timing and sequencing of patients within the day of appointment or the allocation of daily workload over time. Despite only a few recent attempts (Gupta and Wang 2008 , Wang and Gupta 2011 , Feldman et al. 2014 , most work in this area assumes that providers can "assign" a patient to a particular appointment slot for analytical tractability. Without explicitly incorporating patient preferences and choice, scheduling models substantially simplify the interaction between patients and providers and may lead to bias in representing reality and, consequently, suboptimal use of capacity. Indeed, incorporating patient preferences into scheduling decisions is widely considered as a critical future research direction (Liu, data, knowledge and evidence that are crucial to further this line of research.
Attributes of primary care (appointments) that are important to patients are relatively well known, and these attributes include respect shown to patients, provider competence, patients' involvement in decisions, and availability and accessibility to care; see, e.g., Wensing, Jung et al. (1998) . Most early studies along this line ask patients to rank these attributes in the order of importance to them. Though such ordinal ranking information gives some idea about patient preferences, it does not reveal how patients make tradeoffs among various attributes, and thus is not sufficient to understand how patients choose among multiple appointments each represented by a set of different attributes.
A few recent studies investigate patient choice of appointments with their primary care providers/general practitioners. An early telephone survey study investigates patient willingness to wait if their usual physician is not available (Love and Mainous 1999) . KC and Osadchiy (2012) show that patients are more likely not to book an appointment when delay is longer. In addition to the attribute "delay to care", a number of European studies consider the impact of flexibility in appointment times and physician practicing manner on patient choices (Cheraghi-Sohi et al. 2008 , Rubin et al. 2006 ).
Our work moves beyond this prior literature by investigating a much more comprehensive set of operational attributes of an appointment that may affect patient choice. Furthermore, our study focuses on the US population, who may value a different set of attributes and/or weight these attributes differently compared to their European counterparts studied in most previous studies. This paper is also connected to revenue management and service OM literature in a broader sense.
Price and product availability affect consumer purchase choice in the setting of revenue management (Shen and Su 2007) ; (expected) wait time and service cost often determine if a customer will join a service system (Stidham 2010, Hassin and Haviv 2003) . Using a unique context of appointment scheduling with many of these factors at play, our work contributes to the understanding and modeling of customer behavior in service settings.
Hypotheses Development
To finalize the operational attributes that will be included in our study, we had several rounds of discussion with the providers and administrators in our collaborating health center. Experts' opinions and our own review of prior research led us to investigate patient preferences in the following attributes of appointments: (1) appointment delay, (2) flexibility of appointment times, (3) doctor to be seen, (4) inclinic waiting, and (5) out-of-pocket payments. We expect these attributes to have a significant impact on patient choice of appointments. Appointment delay is also called indirect waiting time (Gupta and Denton 2008) . It refers to the time duration from a patient's request for an appointment and the actual appointment date. Flexibility of appointment times measures how much choice that a patient has in appointment times in a day. It does not refer to any specific time (window) of a day, but is rather used to measure patients' valuation of flexibility in the choice of time.
1 Which doctor a patient sees is also an important attribute for an appointment choice, especially in a group practice where patients can schedule an appointment with doctors who are not their own/regular doctor. Seeing other doctors who do not know the patient as well as his/her own doctor breaks continuity of care, and is considered to result in lower quality (Stokes, Tarrant et al. 2005) . The fourth attribute in-clinic waiting is also known as direct waiting which can be contrasted to appointment delay (indirect waiting); see Gupta and Denton (2008) . In-clinic waiting is the wait time from a patient's arrival at a clinic to the time when the doctor actually sees the patient, and is likely to affect patient choice of appointments if such information is available. 2 Out-ofpocket payment is the direct outlay of cash that an individual pays when s/he sees the doctor, and can be viewed as the "pricing" option if it is under the provider's control. We operationalize it as co-payment, and use it to assess patients' willingness to pay.
Our first hypothesis is set forth to explore appointment-specific impact factors on patient choice. In particular, we hypothesize that: HYPOTHESIS 1. Patients favor shorter appointment delays, more flexibility in appointment times, doctors who know them better, shorter in-clinic waiting, and smaller amounts of out-of-pocket payment.
Because there seems no direct theory or empirical support for the interdependence of these main effects, we do not consider interaction effects among the five attributes above when patients make appointment choices. This is in fact a common assumption in discrete choice experiments, as interaction effects are often not significant in such empirical studies (Louviere 1988). As a result, most, if not all discrete choice studies in the health context do not model interactions between the main effects (Scott, Watson et al. 2003) , and we choose to do the same.
1 As discussed later, this attribute may have two levels such as "your chosen time" and "time specified by scheduling staff." We choose this attribute rather than an attribute "time of day" with levels such as "morning" and "afternoon" because if we did so, we would not know what is the utility patients get from scheduling an appointment, say, in the morning compared to in the afternoon. In our current design, however, we could test if and how much patients value more (vs. less) flexibility in the choice of time in a day. 2 Providers may not be able to give exact wait time information when offering appointment choices to patients. However, customers can form beliefs about expected wait time based on their past experience, as suggested by earlier service OM literature (see, e.g., Hassin and Haviv 2003 and Stidham 2010) . Therefore, it is possible that appointment choices implicitly contain some wait time information (e.g., early morning slots have relatively short in-clinic wait time). In order to test patient preference in this attribute, we make this information explicit in our experiment.
Although we expect significant main effects, i.e., patients have clear preferences in these attributes, we do not expect the relative importance of these attributes is the same across individuals. Ignoring this variation, if any, may lead to bias in understanding patient preferences and choice behavior at the individual level. Indeed, a wide body of research in marketing and behavioral economics suggests that individuals vary in how they assess the importance of product or decision attributes; see, e.g., Einhorn (1974) ; Kahn and Meyer (1991) ; Shiloh, Koren, and Zakay (2001) . Based on this literature, we propose that how patients make tradeoffs among different attributes can vary. Therefore, we postulate that: HYPOTHESIS 2. There exists significant heterogeneity in patient preferences.
To test this hypothesis, we will test if the fit of a model that accounts for heterogeneity among individuals (i.e., within-subject correlation) is significantly better than the one that does not.
To further investigate this hypothesis, we study individual-difference factors that can modify patient preferences and choice. In choosing which individual level factors to study, we turn to previous literature on similar topics and the literature in marketing, decision making, and behavioral economics. This literature identifies individual level factors that impact people's preferences, utility when consuming goods, and ultimately choices. These factors are: 1) age, 2) employment status, 3) gender, and 4) frequency of consumption. We outline the predicted role of each of these individual level factors below.
Previous studies have identified age and employment status as potential determinants of preferences for medical appointments (Rubin et al. 2006 . This literature suggests that elderly patients may be more willing to endure longer delays to care in order to see their own doctors; and that working professionals value more choices of appointment time in a day. In our study, we focus on investigating the impact of gender and frequency of consuming the good, while controlling for the effect of age and employment status. With respect to gender, there is a large and growing body of literature exploring the link between gender and the formation and maintenance of preferences. Byrnes and colleagues (1999) analyzed 150 studies conducted from 1967-1997 and identified that across different types of tasks, behaviors, and choices, men are more risk-seeking than women; see also Sapienza, Zingales, and Maestripieri (2009) . Because risk attitudes are embedded in the utility theory (Fishburn 1988, Kahneman and Tversky 1979) , we predict that an individual difference variable that has systematic effects on risk attitudes will impact utility, particularly with respect to appointment delays as risk-seeking behavior is most often associated with impulsivity and a lack of patience (intolerance for waiting); see Bettinger and Slonim (2007) and Frederick (2005) . Thus, we hypothesize that HYPOTHESIS 2A. Males and females perceive different amounts of utility loss when facing the same increase in appointment delays.
As stated above, there are pronounced gender differences in risk attitudes such that women are more risk-averse than men. One potential reason for these differences involves the anticipated emotions people experience when they make decisions (Loewenstein et al. 2001) . For instance, people who anticipate high regret or disappointment exhibit different choices than those who do not anticipate experiencing such emotions (Bell 1982 , Loomes and Sugden 1982 , Mellers et al. 1997 . With respect to patient decision making, patients frequently decide whether to see their own doctor versus another doctor who is not their own. In such cases, it is possible that patients might experience different feelings when they consider seeing another doctor than when considering visiting one's own doctor. Women are more likely than men to want consistent care from a health provider they trust (Ettner 1999) . Concerns of care are especially important when considering women's health, and reinforcement of caring doctor-patient relationships might transfer to other medical domains beyond women's health (Rowley et al. 1995) . Because women tend to be more risk-averse than men and because of potential differences in anticipated emotions (e.g., trust and care) when considering seeing another doctor (vs. one's own doctor), we predict that HYPOTHESIS 2B. Females perceive higher utility loss than males if they cannot be seen by their own doctors.
In addition, it has been shown that repeated, frequent exposure to service encounters can lead to increased expectations for service (Johnson and Mathews 1997). As consumers gain experience with a service provider, they set expectations about what level of service they expect to receive. Doubtless, these expectations vary across patients utilizing services. However, research on experiential models of individual learning attests that consumers gain confidence over time regarding what level of service they expect to receive and, as long-term clients form strong relationships with their health provider, they frequently come to expect preferential treatment (Kolb 1984) . For example, frequent patients might expect or demand shorter in-clinic waiting times. The reasons for these heightened expectations are twofold. First, consumers set higher expectations as their provider gets to know their preferences better (Bell, Auh, and Smalley 2005, Gwinner, Gremler, and Bitner 1998) . Second, consumers feel more comfortable expressing the negative aspects of prior experiences as their relationship with the service provider deepens, thus allowing the service provider a chance to improve and better the consumer's experience with them Fishbach 2012, Fishbach, Koo, and Finkelstein 2014) . This relationship not only benefits the client; the stronger the relationship between a service provider and a client, the higher the costs for a client to switch providers; see, e.g., Becker (1960) . We thus expect that HYPOTHESIS 2C. Patients who visit their health providers with a higher frequency have higher expectations for service.
Experiment Design and Implementation
To investigate our hypotheses, we use an econometric procedure, known as discrete choice experiment (DCE), to elicit patient preferences. DCE is developed in transportation economics and marketing to investigate consumer preferences and choice behavior Lerman 1985, Ben-Akiva and Boccara 1995) . In a typical DCE, consumers are provided a set of product choices (appointments in our case) and asked to select what they would prefer to choose. These product alternatives differ in their attribute levels, allowing consumers to make a tradeoff. Data from a DCE are often analyzed using random utility theory (McFadden 1974) , which can estimate consumer utility for a good or service as a function of the attribute levels of that good or service. The marginal rate of substitution of the coefficients from DCE models represents the strength of preference for one product attribute over another.
We designed and conducted two experiments on different populations. This not only serves as an external validity check for our study results, but also allows us to compare patient preferences in different populations to reveal additional insights. Table 1 shows the attributes and their corresponding variable levels used in both studies. In Study 1, we carried out our DCE on patients waiting for service in an urban community health center affiliated with a large academic medical center located in New York City. This health center employs nearly 30 doctors and provides healthcare services to more than 24,000 patient visits per year.
We chose our attribute levels in accordance with what patients would actually experience in this health center; this realism improves the validity of choices made. We had considered placing co-pays as an attribute associated with the appointment choice in this study. However, the health center that we were working with was afraid that such an inclusion might lead to unnecessary confusion regarding cost for patient care since they did not require co-pays. Hence, we did not include this attribute in this study.
We conducted Study 2 on Amazon Mechanical Turk (MTurk), which is an online platform with an integrated participant compensation system, a large, diverse, reliable participant pool, and a streamlined process for participant recruitment and data collection (Paolacci, Chandler et al. 2010 ). This platform gives more freedom in our experiment design by allowing us to include out-of-pocket cost as one attribute. Note that the appointment delay attribute in Study 2 includes one additional level "7-days from now". In Study 1, we find an interesting nonlinear changing pattern of patient-perceived utility with respect to changes in appointment delay (see discussion below). To better investigate this nonlinear pattern, we included this additional level of delay in Study 2 to gain more granularity in time scales.
Levels of other attributes are slightly modified to fit the online population.
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After identifying attributes and their levels, we designed the choice set for our experiments. Instead of using a highly impractical full factorial design which needs every respondent to evaluate all possible choices, researchers who conduct DCEs usually choose to focus on estimating the main effects and assembling much smaller and feasible choice sets (Kuhfeld 2001) . In our study, we adopted a design primarily for estimating the main effects of the attributes. To maximize statistical efficiency, we used Sawtooth Software to optimize our design (Kuhfeld 1997 These appointment choices were embedded in a survey questionnaire which consisted of two parts. In the first portion, participants were asked to imagine that they are experiencing some health problems and that they decide to call their doctor to schedule an appointment. Our description of the health condition conveyed a condition that needed medical attention but was not emergent. Specifically, participants read "Imagine that you are in your current state of health but over the last few months you have been feeling tired and irritable and have had difficulty sleeping. You have tried several things yourself to remedy this but are not feeling any better. You decide to seek a medical opinion from doctors at the primary care clinic that you usually go to." (adapted from Cheraghi-Sohi et al. 2008) We chose to focus on this condition because if the condition is too urgent (e.g., severe chest pain), patients may place speed of access over all other attributes and choose appointments only based on appointment delay (Finkelstein et al. 2013) . Conversely, if the condition is too minor (e.g., skin itches), patients may just randomly pick one appointment without paying serious attention. Another important 3 For instance, instead of giving three specific choices for doctors, we simplified the choice of doctor in Study 2 to two choices: own doctor vs. other doctors. This simplification leads to less confusion in a general population pool, and still allows us to evaluate patient-perceived utility loss due to broken continuity of care.
reason for us to focus on a condition like the one we considered above is that this type of condition represents a substantial number of outpatient primary care visits in the US. The top 3 reasons for primary care visits mentioned by patients are general medical examination, progress visit and coughing according to 2007 National Health Statistics Report (Hsiao, Cherry et al. 2010) . These three reasons contribute to more than 15% of the 993.4 million visits made to office-based primary care physicians in 2007. Among others, all these three reasons seem to indicate a health condition at a similar urgency of the one we considered.
After reading the hypothetical medical condition, participants imagined that when they called their health provider, the scheduling staff provided them with two appointment options, among which they were instructed to pick their preferred choice. In the second portion of the survey, participants complete a series of demographic questions regarding their age, sex, ethnicity, how long they have been a patient at the clinic, how many times a year they visit the clinic, what insurance plans they use, their current employment status, and their education level. This demographic information allowed us to compare our two samples of participants and explore our key variables of interest.
The experiment in Study 1 was conducted in our collaborating health center in the summer of 2012.
An experimenter approached patients in the waiting room of the center and asked only those patients who had 10-15 minutes before their next appointment if they would like to participate in a survey research on their preferences in appointment scheduling. When a patient agreed to participate, the experimenter offered them a survey. Surveys were randomized so that participants randomly received one of the six experimental conditions. We intentionally conducted surveys across different times of day and different days of week to avoid bias due to time effects. Of the 180 participants approached, 140 agreed to participate yielding a response rate of 77.8%. This response rate is very high for survey research of this type as most response rates hover between 50-60% (Asch, Jedrziewski, and Christakis 1997) . Further, a comparison of participant demographics to patient demographics at this clinic revealed that our participant sample matched the health center patient population well.
For the Amazon Mturk Study, we followed a similar procedure except that we ran this survey online.
We required that the respondents reside in the US to ensure that our appointment options reflected options participants might have when making medical appointments. Participants completed the study for monetary compensation. Participants read instructions on how to complete the survey before being randomly assigned to one of the five experimental conditions. Participants needed to completed all of the choice tasks and answer the demographic questions before submitting the survey to receive payment. The experiment was conducted during the summer of 2013.
Econometric Models for Patient Choice
Two of the commonly-used choice models that can be used to analyze our data are: the classic multinomial logit model (MNL Model); see McFadden (1974) and the mixed logit Model (ML Model); see Hensher and Greene (2003) . Both choice models belong to the family of random utility models, and assume that patients make their choices based on the utility they perceived for each choice. The MNL model has been widely used in the OM literature to model customer demand (Shen and Su 2007) , while the more generalized ML model allows model coefficients to be random, thereby being able to capture random taste variation (i.e., heterogeneous preferences) in patients. In this section, we will introduce both model specifications for our DCEs using Study 2, the Amazon Mturk Study, as an example.
Multinomial Logit Model
In the Multinomial Logit Model, the utility of an appointment choice perceived by an individual can be expressed as follows.
where
In (1), contains a systematic component which is a function of different observed attribute levels as specified in (2) and an unobserved component which can be thought of as a random error term including the impact of all unobserved variables which affect the perceived utility of choosing alternative by individual . In the MNL model, 's are assumed to be independent across different choices, and to follow a common Gumbel distribution with location parameter 0 and scale parameter 1 (McFadden 1974).
In (2), 's are the generic coefficients for the alternative-specific variables, and variables in bold face are vectors. All independent variables except for cost are specified as categorical variables for improved statistical properties (Hensher, Rose, and Greene 2005) . Treating cost as categorical variable does not improve the model, and thus we specify it as a numerical variable as done in many other studies (Brown et al. 2010) . In particular, consists of a vector of indicator variables for appointment delays being 3 days, 7 days, 10 days and 14 days, respectively. is the indicator for the appointment with less choice of time in a day.
indicates if the appointment is with other doctors. Different levels of in-clinic waiting (15, 30 and 45 minutes) are captured by . We do not include an intercept term in (2), because both alternatives in a choice set are appointment choices in natural, and we expect no alternative-specific effects (or "brand" effects).
Now, given two appointment alternatives and , the probability of choosing appointment choice can be expressed by the following simple equation (we suppress the index for individuals for simplicity).
More generally, given a choice set , the probability of choosing choice therein can be calculated as
Mixed Logit Model
The Mixed Logit Model extends the Multinomial Logit Model above by allowing model parameters, 's, to be random. The ML model can exploit the panel data structure in our studies (where patients made repeated choices) and account for within-sample correlation. Its model specification is similar above, but parameters 's now are assumed to be individual-specific. Conditional on a fixed individual, her choice probabilities have the same form as Equations (3) and (4) with 's replaced by the individualspecific ones. The individual-specific parameters 's have a joint density function ( , ), where specify the distribution of =( 1 , … 5 ) and they are the parameters we will be estimating. This general framework also allows for flexible correlation structures among these estimated parameters.
Interaction Models
As discussed above, patient individual characteristics (e.g., gender), may modify their choice behavior.
However, individual-specific variables do not vary within the tradeoff questions and thus cannot be treated in the same way as choice attributes. For any pair of appointment alternatives, they would cancel out of the utility differences between any set of alternative choices unless they are interacted with other varying terms in the model. Take gender as an example, the expected utility including gender interaction terms can be expressed as follows. 
In (5), is the indicator for gender and the interaction coefficients, 's, capture the effect, if any, of patient gender on the likelihood of choosing an appointment alternative and perceived utility.
Likewise, the impact of other individual-specific variables can be modeled via including relevant interaction terms.
Validity Tests and Data Analysis
After removing 8 patients who did not complete the survey, we obtained a dataset which includes 132 patients in Study 1. Since we had built-in mechanisms in the online survey to ensure patients do not skip questions, we did not have to exclude participants from our analysis in Study 2.
We performed several validity tests before formal analysis. We first tested for attribute dominance, defined as cases where subjects make a choice based on one attribute irrespective of other attributes. This represents non-compensatory behavior (i.e., patients do not make tradeoff among different attributes) which violates the random utility theory (Scott 2002). In particular, we found that in Study 1, nineteen subjects always selected appointment choices with shorter delays, one subject always picked appointments with better doctor of choice (own doctor is considered better than a team doctor, which is better than any other doctor), and two subjects always chose appointments with shorter in-clinic wait time. None of the subjects made choices solely based on the flexibility of time. In total twenty two subjects (16.7%) showed dominant preference for at least one attribute in Study 1. In Study 2, this number is forty six or 17.0% of all respondents, with twenty respondents showing dominant preference for appointment delay, one for the flexibility of time, five for choice of doctor, seven for in-clinic wait time and thirteen for co-payments. Including these subjects in the analysis can bias the results among the reminder of the sample (Lancsar and Louviere 2006), and thus we excluded these respondents from our analysis.
In addition, we tested for non-satiation behavior by identifying respondents who chose the dominated alternative in the choice set, i.e., a choice of which all attributes with a clear ordering of levels were worse than the other alternative (de Bekker-Grob, Ryan et al. 2012) . For example, a dominated choice would have longer appointment delay and in-clinic wait time, less flexibility of appointment time, worse choice of doctor and higher co-payment amounts. In total, 7.6% of the respondents who faced choice sets with dominated alternative preferred the dominated one in Study 1, and this percentage is 4.0% in Study 2.
These proportions of "irrational" choices are well within the acceptable standard in DCE (Johnson, Kanninen et al. 2007 ). As these "irrational" responses may reflect legitimate decision rules due to impact of unobserved factors, we chose to keep these respondents in our analysis (Lancsar and Louviere 2006).
The final sample sizes for Study 1 and Study 2 are 110 and 225 subjects, respectively.
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For both datasets, we start by considering the main effects model. To further explore heterogeneity in patient choice behavior, we then study the models including interactions terms with individual-difference factors, i.e., age, employment status, gender and frequency of visit (see model specifications in Section 4
We conducted power analyses to determine adequate sample sizes for each study. The number of subjects for these studies is appropriate given these calculations.
5.3). For both main effects model and interaction model
, we analyze data using both the MNL model and the ML model. In the ML model, main effects are modeled as random effects with normal distributions, while cost and interaction terms with individual-difference factors are treated as fixed effects. In addition to simplicity of interpretation, fixing cost coefficient has several advantages. First, it ensures that the coefficient has the right sign: a normally distributed cost coefficient implies that some individuals may prefer higher cost which is counter-intuitive. Second, it makes the calculation of willingness-to-pay easier. Third, it helps empirical identification, especially in the analysis of cross-sectional data; see Revelt and Train (1998) and for detailed discussions. We consider models with random but uncorrelated effects and models with random and correlated effects. Our test for models exploring correlation effect among random parameters, however, does not yield statistically significant results.
Hence we chose models without correlation among random effects. To arrive at the final model, we use stepwise regression by excluding insignificant variables one at a time using > 0.1. We keep the main effect in the final model as long as the interaction term involving this main effect is significant.
Empirical Results and Discussion

Demographic Profiles
The patient sample from Study 1 is relatively young (median age 29) and predominantly consists of females (89.7%) and Hispanics (70.1%). In this sample, 79.2% of the patients are established ones, and they have been coming to the center for over 5 years on average. About 38% of the patients are frequent visitors who have more than 5 visits annually. More than 80% of the patients rely on Medicaid or Medicare. About half of the patients are unemployed and only 17% of patients have attended colleges. The online sample is quite different. It is younger (by 4.7 years on average), healthier (8% frequent visitors) and better educated (52% with a college degree or higher), dominated by white (74.2%) and males (67.1%), and has a wider insurance coverage by commercial plans (60.9%) and a higher rate of being full-or part-time employed (48%). This demographic profile is consistent with other reported survey samples from the Amazon Mturk (Paolacci, Chandler et al. 2010 ). More detailed demographics information is presented in Table A1 of the appendix.
Study 1: the Health Center Study
Both MNL and ML specifications yield materially similar results, suggesting that the regressions are stable. The ML specification, however, fits the data significantly better than the MNL specification (pvalue < 0.001), as the ML model accounts for the panel data structure in our study. Therefore, we focus on the ML model below, and present the MNL model estimates in the appendix. In the main effects model (the second and third columns of Table 2 ), all experimentally varied appointment attribute levels, except for 15-minute in-clinic wait time, play a significant role in patient choice. The estimated coefficients can be interpreted as the average change in patient perceived utility of an appointment choice with the corresponding attribute level in effect, holding the impact of other attributes unchanged. The reference category in our models is a same day appointment at the patient's choice of time with her own doctor and an in-clinic waiting of 5 minutes. The estimated coefficients are all negative indicating that patients favor shorter appointment delays, more flexibility in appointment times, being seen by their own doctor compared to others and shorter in-clinic wait time. This strongly supports our HYPOTHESIS 1. For ease of presentation, we negate and rescale the coefficients estimated by the main effects model from 0 to 10. Figure 1 shows the rescaled utility loss at each attribute level and their 95% confidence intervals. For instance, the average utility loss due to a 14-day delay compared to the same-day appointment is 10 with other attribute levels fixed. The magnitudes of these coefficients indicate the relative importance of different attributes. Among all attributes, appointment delay appears to be the most influential factor in patient choice in Study 1. We find that patient-perceived utility changes with increased delays, controlling for other factors. This information is particularly important and useful to operations researchers as waiting cost function is a major building component of many OR/OM models. We will provide an in-depth discussion on waiting cost function in Section 7.5 below. A second important factor in patient choice is the choice of doctor. We find that patients prefer seeing their own doctor over other doctors, and among other doctors, patients favor team doctors than non-team doctors. As expected, patient preferences on doctors decrease with physicians' familiarity and relationship with the patient. A third important factor appears to be inclinic waiting. Though patients seem not to be bothered by waiting for 15 minutes or less, they strongly oppose waiting for 30 minutes or more. Unlike patient response to increased appointment delays, patientperceived utility loss seems to accumulate convexly in in-clinic waiting time. Finally, we see that patients prefer choosing time of appointment themselves over specified by staff. This is likely because patients have preferences for different timing of day and thus they would appreciate the flexibility in choice of time. This factor, however, seems the least important in patient choice of appointments in Study 1.
As discussed earlier, the ML model fits the data significantly better than the MNL model (p-value < 0.001), suggesting strong heterogeneity in patient choice and supporting our HYPOTHESIS 2. The interaction model further explores this hypothesis, and reveals several important individual-difference characteristics that can modify patient preferences (see the fourth and fifth columns in Table 2 ). In particular, compared to males, females perceive less utility loss when appointment delay increases from zero to 3 days. That is, females are more tolerant for small delays to care than males. This supports our HYPOTHESIS 2A, and is in fact an interesting finding on gender difference in perception of waiting cost (more on this below). In contrast, females perceive a higher utility loss than males when scheduled to see a team doctor instead of their own doctors, suggesting that our HYPOTHESIS 2B holds.
We also find strong evidence that longer in-clinic waiting is disfavored more by frequent visitors (those with more than 5 visits a year) than their counterparts, and that frequent visitors, compared to (Gwinner, Gremler, and Bitner 1998) . These findings support our HYPOTHESIS 2C.
Age appears to be another important variable affecting patient preferences in this population. Younger patients (younger than the median age 29) are more tolerant to in-clinic waiting --short-term waiting;
while elderly patients are less offended by delay to care --long-term waiting. For elderly patients, they may be more willing to wait to see their own doctors for better continuity (and quality) of care. Our result on this account conforms to earlier findings in European populations (Rubin et al. 2006 ).
Study 2: the Amazon Mturk Study
Similar to Study 1, the ML model fits the online data significantly better compared to the MNL model (p-value < 0.001), suggesting strong heterogeneity in patient preference. Thus, we only present the ML model (see Table 3 ), and defer the MNL model in the appendix. The ML model confirms our findings in Study 1 and supports our HYPOTHESIS H1 and HYPOTHESIS H2; see Figure 2 for a visual representation. As we included co-payment amounts in Study 2, we can evaluate the marginal willingness-to-pay (WTP) in this patient sample. Marginal WTP is defined as the maximum monetary amount that an individual is willing to expend for a marginal improvement of another appointment attribute, leaving the level of the total utility unchanged. It signifies the importance that patients ascribe to different appointment attribute levels. We base our calculations on the main effect model (see results in Table 4 ). [$11.16, $14.15] Patients are willing to pay approximately extra $14 and $31 in order to avoid a week and two week's delays, respectively. For in-clinic waiting, patients would like to pay $5~6 to save 30 minutes, and $12~13 to save 45 minutes. In order to see their own doctor, patients are amenable to additional $16.
Flexibility of time, however, seems to be valued less by patients, who are willing to spend about $5 to get more choices in time of day. The only study that reports similar WTP measures is Cheraghi-Sohi, , which are based on responses from patients in family practices in England. They find that these patients in England are willing to pay $3 to reduce one day of delay, $18-19 to see a familiar doctor, and $2 to be able to pick an appointment time in a day. There are some nuanced differences between their estimates and ours, which seem to suggest that Americans are more tolerant to longer delays to care, but care more about choices of time within a day. 
Utility loss
The interaction model in Study 2 yield findings that complement the earlier study; see the fourth and fifth columns in Table 3 . We again identify gender difference in patient perceived utility loss due to longer appointment delays. But in contrast to Study 1, we find that females become less tolerant for a large increase in appointment delay (14 days increase) compared to males. This lends additional support to our HYPOTHESIS H2A. Findings consistent with Study 1 suggest that frequent visitors are more likely to be annoyed by longer clinic-waiting compared to less frequent visitors, further supporting our HYPOTHESIS H2C. Besides these two findings, Study 2 suggests that employed patients are bothered more by in-clinic waiting compared to their unemployed counterparts at a low level of 15-minute waiting.
This may be due to employed patients feel as though they have less flexible schedules, and therefore they desire more timely service.
Comparison of Two Studies
Though it may not be meaningful to directly compare the estimated model estimates between Studies 1 and 2, we can compare patients' trading-off behavior between populations based on some common benchmarks. To do so, we calculate patients' marginal willingness-to-trade (WTT) measures using appointment delays as the benchmark; see Table 5 . Marginal WTT is defined as the maximum number of days that an individual is willing to wait (beyond the same-day appointment) for an improvement in another appointment attribute, leaving the level of total expected utility unchanged. We use linear interpolation in our calculations when necessary. We find that patients are willing to endure a similar amount of delay in order to see their own doctor compared to any doctor in two studies. The WTT measures are 9 days in Study 1, and 8 days in Study 2. Respondents, however, show quite different WTT behaviors in other attributes. Patients in Study 1 are on average willing to wait one more day for getting an appointment time of their own choice, whereas patients in Study 2 have a much higher WTT (4 days) for more choice in appointment times. We also find that patients in Study 1 are willing to wait one and two more days for 30 and 45 minutes reduction in inclinic wait time, respectively. These WTT values, however, are much higher in Study 2. They are four and seven days, respectively. These differences show that the online population places more weight on flexibility in appointment times and in-clinic wait time than the health center population in considering their appointment choices. This may be explained by the demographic differences in two populations.
For instance, the urban center patient sample contains a larger proportion of unemployed patients (59.0%)
than the online population (43.1%). As the unemployed may be more flexible in their time, they are less bothered by restrictive time choices or longer in-clinic wait time.
Waiting Cost Function and Gender Effect
Waiting and waiting cost are often considered in OM models, especially those dealing with service operations. Appointment scheduling provides a natural and unique setup for studying customer waiting phenomena, in particular because patients wait for an appointment in two different time scales.
Appointment delay is the long-term waiting for appointments to come, and in-clinic waiting is the shortterm waiting that patients actually experience in their providers' office. By studying patient utility loss due to waiting in different time scales, our study generates useful empirical evidence to inform waiting time functions in theoretical models.
For short-term waiting, both of our studies uniformly point out that customers are not bothered by smaller amount of waiting but they become increasingly more irritated by longer waits (see Figures 1 & 2), suggesting that a convex waiting cost function is reasonable in this setting. For long-term waiting, however, Study 1 suggests an S-shaped waiting cost function, which is not convex. To be more specific, patient utility loss seems to first increase concavely and then to increase convexly in their appointment delays. But interestingly, Study 2 reveals a seemingly convex waiting cost function for long-term waiting. To further explore this issue, we note that both studies identify gender difference in patient perceived utility loss due to longer delays. Therefore, we conducted a sub-group analysis on the Amazon Mturk data by developing main effects models for female and male respondents separately. We did not have enough of a sample size for contrasting males vs. females using the health center data as most respondents in this dataset are females (89.7%). As utility is not directly comparable between two subgroups, we calculate the marginal WTP measures for reducing delays. (1995) find that people are consistently risk averse or, at most, risk neutral in decisions involved with short-term waiting. These findings are consistent with ours regarding patient perception of short-term inclinic waiting. This earlier literature, however, has not studied or explained people choice behavior involving long-term waiting. To the best of our knowledge, this study is the first to reveal an interesting gender effect on people's perception regarding long-term waiting.
There are a few explanations for our findings regarding long-term waiting. First, men and women perceive time differently. It has been shown that men estimate short time intervals more accurately than women, and women tend to underestimate time intervals more than men (Krishnan and Krishnan 1984; Rammsayer and Lustnauer 1989) . In addition, socialization theory suggests that men's social and work experiences, which have historically involved structured scheduling and time pressure, may socialize them to be more time-conscious than women (Kellaris and Mantel 1994) . Thus, the difference between 7-day and 10-day delay (in our study 2) may appear more dramatic perceived by men than women. Finally, men are usually achievement oriented and more aggressive. When their ability to achieve (in our case seeing the doctor) is thwarted, men become bored, irritated and less patient (Otnes and McGrath 2001),
thus showing a convex increasing shape of waiting disutility.
General Discussion
The importance of studying patient preference and choice behavior has never been greater. To revamp the US primary care system, the federal government has set strong incentives in the Affordable Care
Act to promote patient-centered care that are "closely congruent with, and responsive to patients' wants, providers as a more flexible online system may induce higher variability in demand (Feldman et al. 2014 ).
To accommodate growing patient needs, be operationally efficient and stay financially viable, it is more important than ever for providers to understand and manage patient preferences and choices.
Managerial Implications
Based on studies of two distinct populations, we establish that appointment delays, choice of providers, flexibility in appointment times, in-clinic wait time and out-of-pocket costs are important factors in patient choice of scheduling appointments. Our work significantly expands the early literature by considering a much broader set of operational attributes that are important when modeling (patient choice in) appointment scheduling systems. As operational strategies commonly used by providers (such as overbooking and Open Access) seldom make any one of these operational attributes better without making at least one worse, our study highlights the importance of understanding how patients make tradeoffs among these attributes. Recently, there is an emerging group of literature that considers appointment scheduling decision making explicitly taking into account patient choice behavior; see, e.g., Gupta and Wang (2008) ; Wang and Gupta (2011); Feldman et al. (2014) . These studies develop effective scheduling algorithms for practical use, but there is still much room to expand this area of research to incorporate patient behavior when making operational decisions. In addition, accurate methods are becoming available to forecast healthcare system performance such as patient wait times; see, e.g., Plambeck et al. (2014) . Our study demonstrates how system performance may affect patient satisfaction, and thus offers insights on how these forecasting methods can be used to improve patient experience of care.
A seemingly obvious, but often overlooked tradeoff that patients make in scheduling appointments is that patients are willing to accept less desirable appointment slots if paying less for their service, and vice versa. We find that such discounts do not have to be large; in our study sample, patients would be flexible in their choice with a discount of $10 or so. Based on a dataset that contains 2.5 million monthly users from 2012-2013, ZocDoc, arguably the largest doctor-booking website, finds that on average Tuesday was the most popular day, and the single most popular appointment request was Friday at 10am followed by
Monday at 2pm (Miller 2013) . As a result, patients find difficulty in booking these popular slots and also wait longer during popular times; however, unpopular slots may be left unfilled. Instead of passively waiting for patients to learn and respond strategically (to avoid popular slots), providers may benefit from actively offering some discounts, e.g., via reduced co-payments, on unpopular slots. Pricing on appointment slots can be a new way to improve the utilization of less desirable slots, and also to level the workload over time.
By examining the effect of individual-difference variables, we discover significant heterogeneity in patient preference. While capacity rationing based on customers' individual characteristics have been widely used to improve a firm's business performance (Shen and Su 2007) , our results suggest that some sort of rationing may also be helpful in healthcare management by recognizing patient heterogeneity in what they prefer. For instance, high-frequency visitors may have higher expectation for service. As these patients also tend to have a long and stable relationship with the provider, it may be worth to pay more attention to the service of these patients, similar to what airlines would do to their frequent flyers.
Individual Differences in Waiting Cost Functions
One particularly interesting finding of our studies is that females and males may have different perceptions in utility loss when delay to care increases. When waiting for appointments to come, male's waiting cost function seems convex, but female's waiting disutility appears to be stair-shaped with a "plateau" at the medium level of delay. That is, females are less sensitive to further delays when waiting reaches a certain level of time. Though non-convex waiting cost has been considered occasionally (Ata and Tongarlak 2013), it remains a largely unexplored question as how to manage a service system with such a customer waiting cost function.
In the present research, we focus on gender and its impact on patients' waiting cost function.
However, a large body of research has identified other individual-difference factors that might accordingly impact waiting cost functions. One such factor is cultural views of time (Ancona, Okhuysen, and Perlow 2001) . For instance, people from Eastern (i.e., Asian) countries tend to view time as cyclical, whereas people from Western countries tend to view time as linear (Redding 1980) . Viewing time as linear (vs. cyclical) is linked to the notion that time can be bought, used, and sold and that time spent on one activity takes away from other pursuits (opportunity costs). In contrast, those who view time as cyclical are less likely to be impacted by individual, adverse events (Ancona, Okhuysen, and Perlow 2001) . Thus, patients with a linear orientation of time might exhibit different waiting costs functions than those with a cyclical orientation of time. Particularly, those with a linear orientation of time might be more sensitive to long-term appointment delays than those with a cyclical orientation of time. Notably, we studied culturally homogenous populations (Americans) who likely have a linear view of time and thus were unable to incorporate this perspective in our account.
Future Directions
In additional to what has been discussed above, our study motivates several research topics that may deserve attention. First, we investigate how patients make appointment choice when facing an "ambiguous" health condition. It would be interesting to consider patient choice behavior with a more urgent or minor health condition, and include "emergency department" as an additional choice to study when patients would opt out of primary care. Second, we rely on choice experiments to elicit patient preferences. It would be important to develop a "market discovery" algorithm to predict patient demand and choice on the fly; see, e.g., van Ryzin and Vulcano (2013) . Third, we offer some explanations for the gender difference in perception of long-term waiting, and further explorations of this issue or of other issues that impact waiting cost functions are likely to be fruitful. 
